Introduction
Although cancer research has generated an impressive body of knowledge about this highly diverse class of diseases, our understanding of neoplasia at the systems level remains in its infancy. Impressive advances in structural biology and protein interactomes are leading to elucidation of the three-dimensional structures of key protein molecules with important roles in cancer and identification of the logic of protein interaction and modification networks. However, the field of genomics remains far from the lofty goal of defining chromatin structural logic and dynamics specific to cancer and their relation to the abnormal transcriptional events that define disrupted regulatory states in cancer genomes. In this context, elucidation of cancer genomics represents a daunting challenge, since cancer genomes are not static but instead exist in dynamic and flexible evolutionary trajectories, characterized by mutation and structural rearrangements made even richer by lineage-specific epigenetic variegation and functional state mosaicism. Thus, a systems approach to cancer functional genomics requires dramatic improvements in the molecular analysis of tumor genomes and transcriptomes. Fortunately, the ongoing revolution in DNA sequencing and chromatin analysis technologies are already providing the scientific community with an arsenal of powerful tools to meet this challenge.
Here we outline and briefly review several examples of high-throughput methodological approaches that have emerged over the last few years and that hold promise for rapid progress towards a systems view of genomics and transcriptomics in cancer cells (Figure 1 ). Most of these methodologies are already in use for cancer genome analyses and have led to the identification of multiple cancercausing genes, genetic alterations and deregulated pathways. The availability of a reference human genome implied that DNA sequencing could become the main tool for the exploration of cancer genomes. High-throughput ChIPseq (see Glossary) and RNA-seq techniques are in principle capable of documenting most chromatin modification 
Glossary
ChIP sequencing (ChIP-seq): high-throughput methodology that combines ChIP with massively parallel sequencing. Use of the latter approach for analysis of DNA segments yields greater and deeper ChIP-seq coverage in a shorter time compared to the traditional ChIP technique. Chromatin immunoprecipitation (ChIP): technique for immunoprecipitationbased enrichment of a specific protein crosslinked to genomic DNA. ChIP has been adapted to perform genome-wide analyses of the occupancy of DNAbinding proteins and has led to a better understanding of proteins that regulate gene expression by binding to DNA. Chromosome conformation capture (3C): methodology used to analyze the spatial organization of chromosomes. This facilitates evaluation of the existence of long-range chromatin interactions. 3C has been adapted for genome-wide surveys and has led to the development of technologies such as 4C, 5C, Hi-C and ChIP-PET. Dropout RNAi screen: in contrast to positive selection screens, dropout RNAi screens identify loss of proliferation or survival as an end point. For example, an RNAi screen that identifies essential housekeeping genes in a given cell type would require a negative selection approach. In vivo RNAi screens: most biological processes occur within the context of an organism and are the outcome of interactions between multiple cell types, so significant effort has recently been devoted to applying in vitro RNAi screening techniques to whole organisms to achieve results that might be relevant in an in vivo context. Set-up of RNAi screens in vivo is relatively less cumbersome in planarian worms and C. elegans than in a mouse model. Massive parallel sequencing: powerful cell-free sequencing method that can read millions of bases of DNA in a few hours. This methodology is faster, more accurate and significantly less expensive compared to traditional methods such as capillary electrophoresis. Mosaic mouse models: murine models in which genetically altered stem cells are retrotransplanted into recipient mice to produce clusters of mutated cells surrounded by normal counterparts. Development of a mosaic mouse model is much faster and less expensive compared to traditional knockout generation methodologies. The overall benefit of these mosaic models lies in their suitability for testing cooperation between multiple genetic lesions. Positive-selection RNAi screen: screen in which cells containing a specific shRNA that endows them with a growth advantage survive and proliferate in a given assay. An example is a screen that identifies genes for which knockdown rescues the growth inhibitory effects of a tumor suppressor. RNA sequencing (RNA-seq): powerful methodology used to sequence cDNA generated from cellular mRNA to gain insight into the complete transcriptome of a given cell. RNA-seq provides much deeper coverage compared to microarray-based methodologies and can yield up to single-base resolution. It is thus an invaluable tool for determining the cancer-specific transcriptome. Synthetic lethality RNAi screen: synthetic lethality refers to a situation in which a genetic defect leads to cell lethality only in combination with a second genetic change, whereas neither of the genetic changes alone is lethal.
events and virtually all of the transcriptional events in a tumor cell. Many of the ongoing cancer genome projects incorporate the methods that we describe in this review (Box 1). Our aim is to provide the reader with a basic understanding of these contemporary, cutting-edge methodologies. In Table 1 we summarize the methods described in this review and provide some guidelines that will help researchers to identify a particular technology described here that might be suitable for their research problem.
High-throughput sequencing of cancer genomes and their value for understanding cancer During tumorigenesis normal cells undergo complex genetic and epigenetic changes to become cancerous [1] [2] [3] . 
Box 1. Some noteworthy initiatives for cancer genome analyses and characterization
Cancer Genome Anatomy Project (CGAP) (http://cgap.nci.nih.gov/ cgap.html)
The aim of the National Cancer Institute (NCI) CGAP is to determine gene expression profiles for normal, precancerous and cancerous cells to facilitate improved detection, diagnosis and treatment for all patients. The resources generated by CGAP are available to a broad research community. Interconnected modules provide access to all CGAP data, bioinformatics analysis tools and biological resources, so that users can find in silico answers to biological questions.
Cancer Genome Characterization Initiative (CGCI) (http://cgap.nci.-nih.gov/cgci.html)
The CGCI assesses the utility of new genomics technologies used in strategically characterizing a subset of genomic changes involved in different tumors. Research groups involved with the CGCI make all of their data available through a publicly accessible database. CGCI incorporates genomic characterization methods including exome and transcriptome analysis using second-generation sequencing technologies to facilitate a better understanding the underlying genetic changes that lead to cancer.
The Cancer Genome Atlas (TCGA) (http://cancergenome.nih.gov/) The NCI and the National Human Genome Research Institute (NHGRI) launched the TCGA project to create a comprehensive atlas of genomic changes involved in more than 20 common types of cancer. These analyses will be carried out over the next 5 years. This large-scale, high-throughput effort is being carried out by a network of more than 100 researchers at different organizations across the USA. The long-term aims of TCGA, similar to those of other cancer genome analyses initiatives, are to improve the technologies for cancer diagnosis and to develop new methods for treating cancers.
International Cancer Genome Consortium (ICGC) (http://www.icgc.org/)
The main ICGC goal is to perform comprehensive analysis on 50 different tumor types or subtypes to gain insights into genomic, transcriptomic and epigenomic changes associated with these tumor types. Some 22 countries and 120 research groups are participating in ICGC studies. The data generated through this initiative will be freely available to researchers. Early studies to evaluate the role of cancer-causing genes used hypothesis-driven approaches for candidate genes. These approaches relied on sequencing the gene of interest first, which led to identification of mutations or mutation hotspots within a gene. This was followed by characterization of an identified mutation regarding its functional impact on the protein of interest, eventually implicating both the mutation and the functional alteration in tumorigenesis. Successes of these candidate-based approaches are well represented by the identification of mutations in the tumor suppressor genes p53 and PTEN [4] [5] [6] . Although targeted gene sequencing approaches are straightforward and inexpensive, they are biased and have low throughput. Furthermore, owing to the complex nature of human cancers, these candidate-based strategies fail to reveal the complete landscape of all the genomic changes that occur in cancer. Therefore, genome-wide sequencing methods have become the methods of choice for cancer genome analyses [7, 8] .
In recent years, several new studies have taken advantage of high-throughput deep-sequencing methodologies for human cancer profiling [8] [9] [10] [11] [12] [13] [14] [15] . Massively parallel DNA sequencing methods provide opportunities to carry out genome-wide screening for point mutations, copy-number variation and rearrangements on a single platform. For example, Chiang et al. used high-throughput sequencing for high-resolution mapping of copy-number alterations. Identification of genome regions with copy number variation is a powerful method for revealing cancer-causing genes. This study analyzed three matched pairs of normal and cancer cell lines. The authors showed that a collection of 14 million aligned sequence reads from human cell lines has comparable power to detect events as the current generation of DNA microarrays [16] . However, massive parallel sequencing showed over a two-fold higher precision for localizing breakpoints, typically, to within a 1 kb region [16] .
Genome-wide deep sequencing approaches and many other approaches that we describe later in this review are extremely effective in their discovery power and are applicable to any human cancer. However, they require specialized support for bioinformatics analyses of genomic data. Some sequencing platforms such as the Illumina genome analyzer have their own pipeline that provide semi-processed data, which then require further analyses on custom bioinformatics platforms. The results can then be used to map the sequence reads to genomic regions to gain insight into genetic changes associated with cancer cells. Therefore, before applying high-throughput sequencing approaches, it is of utmost importance to first establish bioinformatics methods for analysis of large amounts of sequencing data. A good way to become familiar with highthroughput sequencing data sets is to download some of the data sets published in the National Center for Biotechnology Information (NCBI) Gene Expression Omnibus (GEO) and to practice analysis of these data sets. This can yield a preliminary understanding of the type of analysis required for such research projects. Some of the genomic data analysis issues pertaining to cancer genomes are discussed in a recent review by Chin et al. [17] . Table 2 compares different sequencing platforms and genome-wide and targeted sequencing approaches.
Exome sequencing to identify cancer-causing genes The term exome refers to the complete set of regions of the genome corresponding to mature mRNA, most of which encodes proteins. The human genome contains 180,000 exons that translates into 30 Mb of DNA sequences, which in total represent 1% of the total genomic DNA content. Most of the genes implicated in human cancers are protein-coding genes, so exome sequencing is expected to reveal important cancer-associated changes. Because exome sequencing requires sequencing of only 1% of the genome, it is therefore less expensive compared to sequencing of the whole cancer genome. However, exome sequencing poses a technical challenge because the genomic DNA sequence corresponding to exons must first be enriched before sequencing. A brief account of the target enrichment methods that can be used in combination with deep sequencing technologies is presented in Table 2 and Box 2. These methods have also been discussed by others [18] [19] [20] .
Many groups are now applying targeted exome sequencing to detect cancer-associated mutations [13, 21, 22] . A good example of this approach for cancer gene discovery is a recent study in which exome sequencing was performed on eight ovarian clear-cell carcinoma (OCCC) cancer samples [13] . The study identified two previously unreported ovarian cancer genes: tumor suppressor ARID1B, a known chromatin modifier, and oncogene PPP2R1A [13] . The results of this genome-wide exome Box 2. Methods for target enrichment for exome sequencing PCR-based methods PCR-based techniques are by far the simplest and most straightforward for target enrichment. A multiplex PCR can be used for largescale target enrichment and subsequent sequencing. RainDance Technologies (http://www.raindancetechnologies.com) has adapted a PCR-based method for target enrichment in preparation for massively parallel sequencing. 
Molecular inversion probes

Microarray-based methods
Microarray-based target enrichment methods depend on the nucleic acid hybridization principle. Solid-phase methods for target enrichment use DNA probes on a microarray platform. To perform solidphase capture, the fragmented genome is first ligated to an adapter sequence, with subsequent hybridization and then elution. This leads to selective enrichment for the region of choice. The enriched genomic region can then be subjected to PCR amplification and used for deep sequencing of the enriched sequences.
In-solution methods
In-solution target enrichment methods, similar to solid-phase microarray-based methods, depend on the nucleic acid hybridization principle. However, in-solution target enrichment provides an opportunity to increase throughput, because it can enrich a greater number of samples compared to microarray-based methods in the same amount of time. This method is also less resource-intensive and provides cost-effective solutions for deep sequencing methodologies.
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sequencing were confirmed by analyzing 42 additional OCCC samples; ARID1A and PPP2R1A were mutated in 57% and 7%, respectively, of the samples [13] .
This and other similar studies have shown that, similar to genome-wide sequencing, exome sequencing can reveal novel features of cancer genome and could further our understanding of the role of protein-coding genes in tumorigenesis and tumor progression [13, 21] . [27, 28] . Since then, RNAi libraries with several new features have been developed, including siRNA-based and lentiviral vector-based shRNA libraries [29, 30] . Many viral vector-based libraries are also barcoded, so RNAi screens can be performed using pools of several thousand shRNAs. The results can later be deconvoluted to identify shRNAs using either barcode microarrays or deep-sequencing technologies, such as the Illumina genome analyzer [30] [31] [32] . Several shRNA and siRNA libraries are now available (Table 3) . These libraries facilitated several genome-wide RNAi screens that have revealed new cancer genes and pathways [33] [34] [35] [36] [37] . Box 3 provides more details regarding RNAi screens and discusses two classes of RNAi screens in this section [38] [39] [40] . The first class is referred to as in vivo RNAi screens and can be performed using a mouse model of human tumorigenesis. Using such an RNAi screen, Zender et al. combined cancer genomics data with RNAi and a mosaic mouse model of hepatocellular carcinoma and identified tumor suppressor genes [38] . First, based on comparative genome hybridization (CGH) arrays of hepatocellular carcinomas, the authors shortlisted genes that were deleted in human samples of hepatocellular carcinoma. Following gene identification, pools of shRNAs targeting the genes identified from the CGH arrays were generated. These shRNA pools were then used to evaluate the tumor suppressive function of the targeted genes in a mouse model of hepatocellular carcinoma. This approach revealed 13 tumor suppressor genes, 12 of which were previously not implicated in cancer. This study is very important because it provides an in vivo platform for integrating cancer genome data with RNAi screens and mouse models of cancer. In the future, these types of screens will be extremely useful for functional characterization of genetic information obtained in several ongoing large-scale cancer genome analysis initiatives.
Genome-wide
The second class of RNAi screens targets cancer cells with activating RAS mutations [39, 40] . These screens are based on the principle of synthetic lethality and aim to develop new ways to target cancer by exploiting non-oncogenic addictions in cancer cells [41] [42] [43] . In the first such screen, Luo et al. used a genome-wide RNAi approach for isogenic DLD-1 cells with either oncogenic or wild-type KRAS. The cells were infected with six pools of 13 000 shRNAs per pool in triplicate. The authors then analyzed the change in relative abundance of each shRNA by microarray hybridization to identify and compare the lethality signature of mutant and wild-type KRAS DLD-1 cells. This led to identification of shRNAs that were specifically synthetic lethal to RAS mutant cells. The authors also observed enrichment of shRNAs targeting genes with mitotic functions, which led to identification of a pharmacologically tractable pathway involving polo-like kinase 1 (PLK1).
In a synthetic lethality screen for KRAS mutant cancers, Scholl et al. used the RNAi Consortium shRNA library [40] . They used 5024 shRNAs targeting 1011 human genes, including the majority of known and putative protein kinase genes and a selection of protein phosphatase genes and known cancer-related genes [40] . The screen was performed in eight human cancer cell lines representing five different tumor types, as well as fibroblasts and immortalized human mammary epithelial cells (HMECs) [40] . This RNAi screen revealed that STK33 is required for the survival and proliferation of KRAS mutant cancer cells, which was then functionally validated.
The results of these studies showcase the power of unbiased genome-wide RNAi screens in identifying and validating cancer genes and revealing important genetic relationships among genes in cancer cells.
Complementary to RNAi screens, cDNA library-based screens (also known as ORFome screens) can also be performed to identify gain-of-function events in cancer. A brief description of ORFome screens and considerations when performing such screens are presented in Box 4. A good example of this type of screen is an interesting study carried out by Boehm et al. [44] . The authors performed an Box 3. RNAi screens siRNA-versus shRNA-based screens Genome-wide RNAi approaches provide opportunities to perform unbiased loss-of-function screens. In general, RNAi screens use either small interfering RNAs (siRNAs) or short hairpin-based RNAs (shRNAs). siRNA-based screens are particularly suitable in cases for which desired phenotypes or the outcome of an assay can be observed in a short time frame without a requirement for several rounds of cell division. Examples of these RNAi screen types include identification of apoptosis regulators and transcription regulators. However, for some experiments that require several rounds of cell division before a phenotype can be observed, stable knockdown using shRNAs might be required. Examples of such RNAi screens include identification of genes required for cellular transformation.
Endpoint choices: survival versus high-content screens RNAi screens can be set up with survival as the readout (examples include positive selection and dropout screens). Depending on the research question, a high-content RNAi screen might be more appropriate. High-content RNAi screens are usually set up in multiwell plates in which cells are monitored for morphological, molecular or transcriptional changes using fluorescence-or luminescence-based assays. Therefore, high-content screens should be performed using siRNAs targeting one gene per well in almost all cases. It should be noted that at a genome-wide scale these screens can be quite expensive and require substantial automation for setup and end-point monitoring. ORFome screen to identify kinases that can substitute for myristylated-AKT (myr-AKT) in transforming cells in cooperation with constitutively active MEK (MEK DD ). They cloned 354 kinases and kinases-related open reading frames (ORFs) using myristyl and Flag tags [44] . After cloning and confirming the activity of these kinases, the authors performed a screen with pools of 10-12 unique ORFs to identify activated kinases that could substitute for myr-AKT and induce transformation in cooperation with activated MEK1. The pools that permitted anchorage-independent growth were then deconvoluted by testing the ORFs individually. Using this approach, the authors identified four kinases that can cooperate with activated MEK1 to cause anchorage-independent growth, one of which was IKKe. Further analysis revealed that IKKe is amplified and overexpressed in breast cancer. Furthermore, it is required for survival of breast cancer cells, because knockdown of IKKe leads to apoptosis induction. This study provides a framework for performing integrative genomics analyses to identify gain-of-function events [44] . Eventually, in combination with RNAi-based approaches, this methodology should enable researchers to assess the functional consequences of cancer cell-associated changes identified in genome-wide analyses.
Non-canonical cancer genes emerging from alternative promoters and alternative splicing Promoters are DNA elements that facilitate recruitment of RNA polymerase, which leads to establishment of a specific transcriptional state [45] . Human genes can have one or multiple promoters, many of which can act as alternative promoters [46, 47] . Alternative promoters not only provide opportunities for differential gene expression, but can also influence the relative amounts of alternative transcripts produced, as well as their stability [46, 47] . Genome-wide promoter analyses studies have indicated that over 50% of human genes have at least one alternative promoter [48, 49] . Interestingly, disease-associated genes are more likely to be associated with more alternative promoters and tend to be differentially expressed [50, 51] . Furthermore, a recent study has indicated that cancer-related genes have on average two alternative promoters, compared to 1.5 for other human genes [50] , which indicates that cancer cells might rely in part on the use of alternative promoters for tumorigenesis and even for maintenance of the tumorigenic state.
A recent study of Hodgkin's lymphoma revealed that loss of the transcriptional repressor CBFA2T3 leads to reactivation of a long terminal repeat (LTR) of mammalian apparent LTR retrotransposon (MaLR) family member THE1B, which then functions as an alternative promoter. THE1B then leads to transcriptional upregulation of protooncogene colony-stimulating factor 1 receptor (CSF1R) in Hodgkin's lymphoma cells, which is required for their survival [52] . This study highlights the importance of analyzing the cancer transcriptome to identify the emergence of cancer cell-specific alternative promoters and evaluate their role in cancer.
Several methodologies have been developed in the last few years to identify promoters at genome-wide scale and to quantify their specific usage [53] [54] [55] [56] [57] . Here we describe one of these methods and evaluate its ability to identify alternative promoters and the possibility of using it for cancer-specific alternative promoter discovery. Sun et al. used RNA pol II ChIP followed by ChIP-seq for five different mouse tissues: brain, liver, lung, spleen and kidney [54] . Their analysis revealed 38 639 promoters, 12 270 of which were novel promoters, that included both proteincoding and non-coding genes. Furthermore, by identifying the RNA pol II-bound promoter(s) of each annotated gene in a given tissue, the authors observed that 37% of the protein-coding genes use alternative promoters. This approach provides an opportunity to probe cancer genomes and compare them to normal cell genomes to understand how cancer specific-promoters might drive tumorigenesis.
Similar to alternative promoters, misregulation of premRNA splicing can lead to oncogenic changes in otherwise normal genes [58] . One of the best examples of alternative splicing leading to conversion of a non-tumorigenic protein to an oncogenic protein was investigated for splicing of the pyruvate kinase gene [59, 60] . Surprisingly, cancer cells exclusively express the embryonic splice isoform M2 of pyruvate kinase [59, 61, 62] . Switching from the M1 isoform to the M2 isoform in cancer cells results in increased anaerobic respiration and reduced oxidative phosphorylation, thereby contributing to tumorigenesis [59] . This study highlights the importance of identifying tumor-specific gene isoforms, of understanding their role in tumorigenesis and of exploiting them for developing targeted cancer therapies.
Several methods have been used to identify alternative splicing events at a genome-wide scale [63] [64] [65] . One approach that has yielded remarkable results is RNA-seq [63, 64] . A recent study used RNA-seq to obtain a snapshot of the human transcriptome and revealed 25% more transcripts compared to microarray technology [64] . The authors used the RNA-seq data set to elucidate alternative splicing and were able to identify 95% of the splicing events expected in their data set. The study identified Box 4. Gain-of-function screens using cDNA libraries Gain-of-function screens using cDNA libraries (also called ORFome screens) are complementary to RNAi screens and can be used to assess gain-of-function phenotypes in cancers. However, in contrast to siRNA/shRNA libraries, there is no standard cDNA library that can be used to address all types of gain-of-function questions. For example, a standard HeLa mammalian cell cDNA expression library cannot be used to assess gain-of-function phenotypes in lung adenocarcinoma with a specific gain of function mutation or with a transforming oncogene resulting from a fusion such as the EML4-ALK fusion gene.
Although ORFome screens pose more challenges in terms of assessing gain-of-function changes for a given tumor, they have discovery potential as powerful as that of RNAi screens once set up. One of the most important considerations when setting up ORFome screen is to first choose an appropriate tissue to generate a cDNA library. Next, the cDNA library should be normalized to ensure that high-and low-expression transcripts are represented equally in the library to prevent loss of the latter owing to under-representation. Finally, researchers trying to perform ORFome should realize that, depending on the size or abundance of a transcript, they could end up missing some gain-of-function events. However, shRNA screens also have the same drawback in that they might not be saturating because of a lack of shRNAs against a gene or an inability to cause gene knockdown.
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Trends in Biotechnology xxx xxxx, Vol. xxx, No. x TIBTEC-911; No. of Pages 11 4096 previously unknown splice junctions in 3106 genes that were unique to one cell type. Within a given cell type, using junction reads, alternative splicing was identified in 30% of the expected genes and exon skipping was found to be largely over-represented. Most importantly, the authors were able to decipher complex patterns of alternative splicing. For instance, using EIF4G1, which encodes eukaryotic translation initiation factor 4 g1, the authors identified 12 alternative splicing junctions in B cells, five of which had not been identified in previous studies. Therefore, RNA-seq should be the preferred method for cancer genome transcriptomics, especially for identifying previously undocumented alternative splicing patterns in cancer cells, with the possibility of targeting cancer-cellspecific isoforms for cancer treatment.
Beyond the conventional cancer gene concept: abnormal cancer-related chromatin looping The cancer genome is very dynamic. During tumorigenesis and cancer progression, the constantly evolving cancer genome drastically affects the transcription profile through both local chromatin changes and major alterations in long-range genomic interactions [66, 67] .
Several studies have indicated that long-range chromatin interactions might be important for regulating the expression of oncogenes and imprinting of cancer-related genes [66] . Evidence of long-range interactions and their effects on oncogene MYC expression came from a study that analyzed the role of an inherited 8q24 cancer risk variant, rs6983267, which is significantly associated with increased cancer risk in many malignancies, including colon cancer. The rs6983267 variant is intriguing because of its location in a gene desert region. The authors noted that the nearest gene is located 335 kb telomeric from this region and identified it as the proto-oncogene MYC. This study demonstrated that the 8q24 variant region shows all the features that define an enhancer. Using chromosome conformation capture (3C) technology, the authors demonstrated that long-range interaction of this 8q24 variant enhancer with the MYC locus contributes to MYC overexpression leading to increased risk of colorectal cancer [66, 68] .
These observations were very timely because two new methods were developed in 2009 that can be applied to identify long-range interactions on a genome-wide scale [69, 70] . Both these methods are adaptation of 3C technology for high-throughput genome-wide long-range interaction analysis [68] . In the first study, the authors developed a method called Hi-C, which can probe the three-dimensional architecture of the human genome using proximitybased ligation followed by massive parallel sequencing. Using Hi-C, the authors constructed spatial proximity maps of the human genome at a resolution of 1 Mb [69] . In the second study, the authors developed a method called chromatin interaction analysis by paired end sequencing (ChIA-PET) [70] . ChIA-PET incorporates ChIP-based enrichment, chromatin proximity ligation, paired end tags and high-throughput sequencing. Using ChIA-PET, the authors developed a human chromatin interactome of estrogen receptor (ER)-a binding. The data were corroborated by trimethylation of lysine 4 (H3K4me3) ChIP, RNA pol II ChIP and gene expression arrays [70] . In summary, the results indicate that long-range interactions play an important role in transcription regulation by ER-a [70] .
Both the Hi-C and ChIA-PET methods provide researchers with opportunities to understand and evaluate cancer-specific changes that occur in the context of the three-dimensional cancer genome. This information could be used to elucidate cancer-specific transcriptional regulation and its role in tumorigenesis.
Integration of high-throughput chromatin structure and transcription start-site mappings All the methodologies we have described are capable of providing large data sets of genome-wide information regarding cancer genome structure, chromatin modification states, gene transcriptional outputs or gene functions. Interestingly, more powerful insights can be generated via integration of multiple data sets using the genomic coordinates of each observation as a common frame of reference.
For example, an RNAi screen might reveal a specific transcription factor that acts as a key oncogene and is overexpressed in the development of a certain type of cancer. ChIP data obtained using an antibody specific for the same transcription factor can be used to identify the occupancy of hundreds of different genomic loci by this transcription factor, whereas a separate set of ChIP experiments can reveal multiple histone modifications associated with loci bound by the transcription factor. In addition, a cap analysis of gene expression (CAGE) experiment can be performed to identify all transcription start sites (TSSs) induced by the transcription factor in the same cancer samples. CAGE is a high-throughput method for analysis of the nucleotide sequence at the capped 5 0 terminus of RNA molecules [71] [72] [73] . Capped molecules are selected from total RNA using affinity capture and the resulting material is used to make complementary DNA, with subsequent ligation of a specially designed DNA tag sequence. The tagged cDNA is then processed to generate concatenated DNA molecules containing the first 20 bases present at the 5 0 terminus of each of the original capped RNA molecules. Sequencing of concatenated DNA facilitates mapping of the first 20 bases of each RNA to the corresponding location in the human genome. The exact positions of thousands of TSSs are thus defined in a single CAGE experiment. The power of this approach lies in its ability to identify changes in transcriptional profiles that involve both genes and regulatory RNA loci, such as microRNAs, antisense RNAs, long noncoding RNAs and other RNA regulatory molecules that might be specific to a cancer cell. By integrating chromatin-based data and CAGE-TSS mapping data, we might begin to reveal informative patterns of transcriptional regulatory logic that could extend our current gene-centric view of molecular abnormalities in cancer biology [74] .
Conclusions
Human cancer poses an increasing healthcare challenge owing to the aging population and has dramatic socioeconomic implications [75] . However, the high prevalence and complexity of cancer have accelerated the development of powerful research tools for furthering our understanding all complex human diseases [76, 77] . Our review highlights a new generation of technologies that are rapidly being developed and applied as tools in ambitious cancer functional genomics initiatives and even to combat all human diseases.
Although these new genomics methodologies are advancing our understanding of cancer functional genomics, they are also creating new challenges for intelligent integration of the large amount of information obtained. We are only starting to place this information in the context of a systems view of human cancer to elucidate regulatory logic at a deeper level, which should facilitate the development of novel cancer treatment strategies. In the future, cancer research will benefit from conceptual integration using structural genomics, proteomics, and metabolomics approaches. An integrative systems biology view will be crucial for advances in cancer prevention and treatment, the ultimate goal of all cancer research efforts.
